ABSTRACT In this paper, we consider an unmanned aerial vehicle (UAV)-enabled wireless-powered communication network (WPCN), where a rotary-wing UAV is employed as a hybrid access point (AP) to serve multiple ground users (GUs). Specifically, the GUs harvest radio frequency (RF) energy from the signal sent by the UAV, which is then used by the GUs to power their uplink information transmission to the UAV. In practice, the mission completion time and energy consumption are two important indexes to evaluate the performance of UAV-enabled communication. To complete the mission as soon as possible, the UAV should fly above the ground users it serves at maximum speed, but this leads to more propulsion energy being consumed. Our objective is to reveal the energy-time tradeoff, characterized by the boundary of the so-called ''Energy-Time'' region. We first derive the mathematical form of the tradeoff, the UAV trajectory, user scheduling and mission completion time, as well as the time allocation, all of which need to be jointly optimized. To this end, we propose two communication protocols: (i) fly-hover-communicate and (ii) path discretization. For each protocol, we first find the two extremes, where minimum energy consumption and minimum mission completion time are achieved. We then complete the boundary for minimizing the energy consumption for given mission completion time. Moreover, because of the nonconvexity of the problem, we propose an algorithm to obtain a locally optimal solution based on the successive convex approximation (SCA) technique for both designs. Finally, the simulation results are provided to validate the effectiveness of our study.
I. INTRODUCTION
Unmanned aerial vehicles (UAV) have been around for several decades and have significantly influenced our lives. Originally designed for military purposes, UAVs are not limited to military missions, but it is only recently that civilian and commercial uses have become feasible with the developments in electronic technology and materials science. Of late, UAVs (also known as drones) are being used for a wide range of applications, such as surveillance, cargo delivery and aerial imaging. The research community is now actively working towards exploiting UAVs to improve the performance of wireless communications as UAVs can
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bring numerous new opportunities including on-demand, ultra-flexibility, 3D-controllable movement, cost-effective technology and inherent ability for line-of-sight (LoS) communications. This is highly relevant for future networks with requirements for ubiquitous, temporary and high-capacity communications. Recent research advocates that, in the future, wireless networking should go beyond conventional 2D cellular architecture [1] - [8] . Moreover, according to a recent report from the US Federal Aviation Administration (FAA), the world will see the emergence of 7 million UAVs in 2020 [9] . A novel communications framework and the explosion of high-mobility UAVs brings new challenges and opportunities: it calls for a re-think of wireless network design.
From a wireless communications perspective, the two key roles of UAVs are (i) aerial communication platforms (aerial base stations (BSs), relays and access points (APs)), and (ii) aerial user equipments (UEs) . The use of the UAV as a communication platform has been extensively studied in recently years. A obvious application would be to deploy UAVs as (quasi-) stationary aerial BSs [1] - [7] . A parametric model to characterize the probabilistic LoS channel was first proposed in [1] , where the authors obtained the optimal altitude of the UAV to achieve maximum ground coverage area. With this parametric model, the optimal 3D location of the UAV was investigated to maximize the total number of served users subject to backhaul rate constraint [2] , or Quality-of Service (QoS) requirements [3] . In a multi-UAV case, an algorithm to jointly deploy all UAVs in 2D space was proposed in [4] where it was shown that the computational complexity can be significantly reduced and the number of required UAVs minimized. Moreover, the minimum number of drone-BSs and their 3D placement were studied in [5] with a heuristic algorithm being proposed to satisfy the dynamic requirements while the optimal location of the UAVs been found. The same problem was also considered in [6] with interference being taken into consideration; it was shown that the downlink coverage probability is not only depend on the UAV altitude but also on the antenna gain. To achieve the maximum coverage efficiency, a circle-packing-theory method was proposed to determine the 3D placement. Further, for a UAV equipped with tunable antennas, the altitude and beamwidth were jointly optimized under different multiuser scenarios in [7] .
Another approach is to employ UAVs as mobile BSs/relays/APs and these have attracted a great deal of attention compared with (quasi-) stationary aerial BSs. The importance of energy of UAVs was first highlighted in [8] ; because of the limited load capacity it is essential to use the on-board energy as efficiently as possible. In order to draw a connection between the propulsion energy and the UAV flight status, the mathematical propulsion energy model of a fixed-wing UAV was first proposed by Zeng et al. in [10] . It was shown that the UAV's energy consumption is not only a function of its velocity but also of its acceleration but there is no connection to its actual location. In [10] , the energy efficiency maximization problem was studied with the trajectory being optimized based on sequential convex optimization techniques. Under this theoretical propulsion energy model, the tradeoff between the UAV propulsion energy consumption and the ground user's transmit energy consumption was developed for a UAV-based data collection network in [11] . Considering a UAV-enabled data-gathering (DG) system with multiple users [12] , joint optimization of the UAV trajectory and the ground users' power allocation was carried out to maximize the average rate with a propulsion energy constraint. In [13] , a UAV-assisted mobile relay was studied, where the radius of the circle trajectory and time allocation were jointly optimized for maximizing energy efficiency.
Other authors have assumed that the UAV has abundant energy for its operating mission. In [14] , the UAV trajectory and communication resource allocation were jointly designed for a mobile decode-and-forward (DF) relay network, an efficient successive convex-approximation (SCA) technique being proposed for trajectory optimization. A multi-UAV multiuser communication network was studied in [15] ; the minimum throughput was maximized by jointly optimizing the UAV trajectory and power allocation as well as user scheduling and association. The tradeoff between throughput and access delay was revealed for a UAV-aided cyclical access system in [16] . The trajectory and resource allocation optimization problem for UAV-mounted systems has also been considered in orthogonal frequency division multiple access (OFDMA) systems [17] , multicasting systems [18] , a physical secure scenario [19] and Internet of Things (IoT) network [20] .
Research is on the other hand at its infancy when it comes to deploying UAVs as UEs in cellular networks. In order to evaluate the practicability of supporting UAV users with 4G LTE networks, measurements and simulations were performed to analyze a UAV's impact on pre-existing ground networks in [21] . It was demonstrated that, although the UAV can be smoothly integrated into current LTE networks without the network needing to be upgraded, the new strong interference from UAV UEs to eNodeBs calls for a better interference management technique. Similar conclusions can be found in a multi-UAV UEs cellular network in [22] where it was shown that the aerial interference would significantly increase as the number of the UAV UEs increases, which again highlights the importance of novelty interference management techniques; the authors also pointed out the great potential of 3D beamforming for future 3D heterogeneous wireless networks. An interesting attempt was made in [23] where the ground BS antenna down-tilt angle was increased to mitigate interference in the LTE downlink in a scenario where both aerial users and ground users coexist. To ensure reliable connectivity between a UAV and ground BSs (GBSs) in rural areas, interference cancellation and antenna beam selection were proposed for UAVs in [24] and it turned out that the overall performance of aerial and terrestrial terminals was improved. The connectivity between UAV and GBSs was also investigated in [25] , [26] where the UAVs have a mission to fly from an initial location to a final location, the trajectory being designed to minimize the time to complete the mission with or without a disconnected time constraint in [25] and [26] , respectively. Furthermore, the potential of massive multiple-input multiple-output (MIMO) to enhance the coverage of GBSs was considered in [27] and [28] . It was demonstrated that by employing a larger number of antennas at the GBSs, more UAVs can be supported by the GBSs.
A. RELATED WORK AND MOTIVATION
One of the main scenarios in next generation communication networks is what is called "low-power massive-connections" with a very large number of ubiquitous and autonomous low-power and energy limited IoT devices. RF-based wireless power transfer (WPT) can provide a solution with no wires and no contacts, that is available on-demand and gives a predictable energy supply; with these attributes it is regarded as a promising solution for energizing low-power devices. However, as energy signals suffer from path loss, the harvested energy can be significantly degraded in a far-field WPT scenario. UAVs have an inherent ability to give LoS communications and in [29] - [33] UAV enabled WPT architectures were proposed to improve the energy harvesting efficiency. It was shown that the harvested energy can be significantly increased by optimizing the UAV trajectory. Specifically, in [29] , the UAV trajectory in a UAV-enabled wireless power transfer system was optimized to maximize the sum harvested energy and minimum harvested energy, respectively. In [30] , the UAV was deployed to power the ground device-to-device users, where the time resource allocation was optimized to maximize the average throughput of all device-to-device pairs. A UAV-assisted mobile-edge computing system with one UAV and multiple-users was studied in [31] , where the UAV acted to give wireless power transfer in the downlink and as a mobile edge computing server in the uplink. In [32] a UAV-enabled wireless-powered communication network was considered where a UAV was deployed to power ground users in the downlink, and collect data in the uplink sent by the users using their received energy. In [33] , the minimum throughput maximization problem was studied for two UAV based WPCN networks; the minimum throughput was maximized by jointly optimizing the UAV trajectory and resource allocation. Summarizing, the UAV is acting as a special aerial base station that can transfer energy and transmit/receive information.
The use of UAVs in different application scenarios has been extensively studied. However, what we know about UAV communication from the literature is fundamentally rooted in the assumption that the UAV's energy is enough for executing the mission. For example, for those papers where the UAV's propulsion energy has not been taken into account [14] , [15] , [17] - [20] , [29] - [33] , the trajectory design was based on a time discretization approach: the trajectory was divided into several segments based on time and simulations were conducted with given maximum UAV speed and/or mission completion time. Note that a given maximum UAV speed and mission completion time does not mean that the UAV's propulsion energy consumption is also limited to a certain level for a fixed wing UAV. This raises important questions: (i) is this reasonable in a real environment and (ii) how much energy is needed to complete the mission? In practice, the completion time is constrained by the energy capacity of the UAV; to avoid the UAV crashing because of fuel exhaustion, the trajectory and completion time should be designed taking into account the available energy on-board. Moreover, in the paper that considered the UAV's propulsion energy [10] , the duration of the flight was also fixed. It is also of interest to consider what is the minimum completion time in a UAV-enabled communication system.
In [34] , the authors revealed that there are three fundamental tradeoffs in UAV-enabled wireless communication: (i) throughput-delay (completion) time tradeoff, (ii) throughput-energy tradeoff and (iii) delay (completion time)-energy tradeoff. Throughput related tradeoffs have been described in many UAV-enabled communications networks, but even though it is one of the fundamental tradeoffs, the delay (completion time)-energy tradeoff has still not been studied to much extent. Furthermore, the minimum completion time and minimum energy consumption are two important indexes to evaluate the rationality and feasibility of the UAV-enabled communication protocols and trajectory design. This motivates us to find the minimum UAV energy consumption and mission completion time, then to characterize the tradeoff region. Furthermore, compared to fixed-wing UAVs, rotary-wing UAVs have the ability to take off and land vertically as well as being able to hover. Much remains to be done in considering rotary UAVs in different systems. In this paper, we try to characterize the energy and time tradeoff for a rotary wing based WPCN network using the rotary-wing UAV propulsion energy consumption model proposed in [35] , where the minimum UAV energy consumption was optimized by the UAV trajectory
B. CONTRIBUTIONS AND ORGANIZATION
In this paper, we consider a scenario where the UAV is deployed as a flying hybrid AP to charge multiple ground users in the downlink via RF based WPT, and the users use their harvested energy to send their information in the uplink. The main contributions of this work are summarized as follows:
1) The rotary-wing UAV based WPCN framework is proposed under both causal and non-causal cases. The time-energy tradeoff problem is formulated to jointly optimize the UAV trajectory, the users schedule plus the mission completion time; this is done subject to the UAV's initial and final location constraints, and maximum UAV speed constraint. However, the problem is non-convex thus difficult to be solved optimally.
To tackle this difficulty, we propose two communication protocols i.e. fly-hover-communicate and path discretization to convert the origin infinite variables optimization problem into an optimization problem with a finite number of variables. To characterize the tradeoff for each protocol, we find the lower bound of energy consumption and completed time for a given communication requirement. 2) In the fly-hover-communicate scheme, the UAV flies to an optimized hovering position and then the UAV communicates (transfers energy or collects data) with ground users only when hovering at the optimized point. We first consider a scenario with two ground users then we will extend the work to multiple users. The location of the hovering points and corresponding hovering duration, as well as the order in which they are visited are jointly optimized by applying the traveling VOLUME 7, 2019 FIGURE 1. System model.
salesmen problem (TSP) -solving algorithm and convex optimization techniques. 3) For path discretization (PD), the UAV can communicate with GUs during the whole flight. By leveraging the path discretization technique [28] , we formulate the tradeoff problem into a finite multiple variables non-convex problem that jointly optimizes the UAV trajectory, the communication scheduling and time allocation, as well as the mission completion time. To solve this non-convex problem, a successive convex approximation based iterative algorithm is proposed to obtain the optimal solution. The simulation results validate that there is a significant tradeoff between energy and time; the energy-time region obtained by using the proposed schemes outperforms benchmark schemes.
The remainder of this paper is organized as follows. Section II gives the system model of the rotary-wing UAV-enabled WPCN, and formulates the energy-time tradeoff problem. The fly-hover-communicates scheme is presented for the special case and for the multiple user's case in Section III. Section IV formulates the tradeoff problem with path discretization and presents the SCA based solution. Section V provides simulation results to validate the performance of our proposed designs. Finally, our work is concluded in Section VI. Notations: In this paper, scalars are denoted by italic letters. Boldface lower-case letters denote vectors. For a vector a, a denotes its Euclidean norm, and a T represents its transpose. log 2 (·) and ln(·) are the logarithm with base 2 and natural logarithm, respectively. R M ×1 denotes the space of a M -dimensional real-valued vector.
II. SYSTEM MODEL AND PROBLEM FORMULATION
A. SYSTEM MODEL In this paper, we consider a UAV-enabled WPCN system, where a rotary-wing UAV is employed to collect data from the K ground users (GUs), which are denoted by K = {1, . . . , K }. The GUs contain a rechargeable battery and each user can harvest energy from the wireless energy signal transmitted by the UAV. Afterwards, they utilize the stored energy to communicate with the UAV in the uplink. It is assumed that the UAV flies (hovering) at a constant altitude H with the maximum speed V max and the trajectory when projected onto the horizontal plane is denoted by q(t) ∈ R 2×1 , 0 ≤ t ≤ T t , where T t denotes the time period of whole flight. All the users are fixed at the given locations; these are denoted by w k ∈ R 2×1 for user k, k ∈ K, K = {1, . . . , K }. The time-varying distance between the UAV and GU k can be expressed as:
It is assumed the communication channels from the UAV to the GUs are dominated by LoS channels. The channel between the UAV and GU k can be modeled by the free-space path loss model as
where γ 0 denotes the reference channel power gain at distance of 1 meter (m). Suppose the UAV broadcasts energy signals with constant transmit power P UAV , the instantaneous harvested energy E k (t) of user k at time instant t is expressed as
where ζ k ∈ (0, 1] denotes the energy conversion efficiency of user k (all users share the same ratio in this paper, i.e., ζ k = ζ , ∀ k ∈ K). In the uplink, when user k is scheduled for communicating with the UAV, the instantaneous rate in bits/second is given as
where P k represents transit power of user k, B stands for the channel bandwidth, σ 2 is the receiver noise power, and ϕ k (t) = P k γ 0 /σ 2 is the reference received signal-to-noise ratio (SNR) at distance of 1m. In this paper, all ground users employ a constant power transmission, and we assume
Now we explain the communication procedures of our system model: time-division multiple access (TDMA) is used for the UAV, the UAV transmits energy and collects data to/from different ground users in the same frequency band but over orthogonal time instants. Define ρ k (t) ∈ {0, 1} , k ∈K = {0, 1, . . . , K } as the indicators to schedule the transmission mode of UAV. At instant t, ρ 0 (t) = 1, ρ k (t) = 0, ∀k ∈ K indicates that the UAV operates in the WET mode, i.e., UAV transmits energy signal to power all the users simultaneously; while ρ 0 (t) = 0, ρ k (t) = 1, k ∈ K and ρ j (t) = 0, j ∈ K, j = k represent that user k sends its information to the UAV powered by its harvested energy, i.e., the UAV operates in the data-gathering (DG) mode. At each time instant t, the UAV can only operate in one mode and collect data from at most one GU in the DG mode, so it follows:
Therefore, suppose the capacity of the battery is sufficiently large, the total harvested energy at user k is a function of T t , q(t), and ρ 0 (t), which is given bŷ
Now, the achievable communication throughput of user k over the whole period of duration T t can be expressed aŝ
The minimum required throughput of user k is denoted as R k min , we havê
If the energy stored in the battery before the mission begins is zero, all the users need to first harvest energy then start information transmission. In any time instant t, each user's energy consumption for data transmission cannot exceed that stored in the battery, which leads to energy causality constraints for all users
Note that in WPCN with energy causality constraints, after some user's throughput requirements are satisfied, the UAV may still need to broadcast energy signals due to other users' communication mission not yet being completed. In other words, the energy stored in the battery of some users may no longer be empty at the end of the transmission.
Generally speaking, it is more reasonable to assume that the battery is not empty otherwise the users may be completely dead. Suppose that the initial energy of all users is sufficient to power their forthcoming data transmission, and their harvested energy will exceed that consumed in the duration T t . More specifically, at the end of the UAV flight, the energy stored in the battery should be no less than initially. As a result, the energy neutrality (or non-causality) constraints should be maintained for each of the K users
The energy consumption model for the rotary-wing UAV in this paper uses the model proposed in [35] , the main idea of this model being that the rotary-wing UAV is following a straight flight and the acceleration energy consumption can be ignored, thus the propulsion power consumption is a function of speed V , which can be formulated as
blade profile
where the first and third components are blade profile power and parasite power, which increase quadratically and cubically with V , respectively. The second part is the induced power to overcome induced drag, which decreases with V .
The relevant parameters and their simulation value are explained in Table 1 ; more details about parameters setting in (13) can be obtained from [35] . The total energy consumption of the UAV in duration T t can be expressed as
where v(t) =q(t) denotes the velocity of UAV and v(t) is the UAV speed at time instant t.
B. PROBLEM FORMULATION
The focus of this paper is the characterization of the optimal Energy-Time (E-T) tradeoff and the corresponding UAV trajectory. In this paper, for brevity we only consider the causal energy usage case, the non-causal case being similarly solved by replacing the causal constraints with the non-causal constraints. We define the E-T region C as the set of all pairs of the UAV energy consumption E and the corresponding mission completion time T such that ground users' throughput requirement can be satisfied. The E-T region in general is VOLUME 7, 2019 obtained through a collection of different UAV trajectory and communication scheduling. Mathematically, we can write:
(10), (11) .
where the V max represents the maximum UAV speed and q I , q F ∈ R 2×1 denote the UAV's initial and final locations projected onto the ground, respectively. It is of interest to determine the Pareto boundary of C E−T , which is defined as the set of all pairs of (Q, T t ) at which it is impossible to decrease one of them without increasing the other. For those solutions that obtain the Pareto boundary (i.e. Pareto optimal solution), we have:
Lemma 1: Pareto optimal solution satisfies the throughput constraints with equality for both energy usage cases; in energy non-causality case, each GU uses up all of its harvested energy (this is not true for the energy causality case), i.e., the non-causality constraints hold with equality.
proof: Leamma 1 can be easily shown by contradiction, here is omitted for brevity.
Lemma 1 reveals that the optimal strategy for energy utilization by the GUs is to fully utilize the harvested energy. The UAV WPT incurs the communication and hovering energy consumption of the UAV, so if the GUs do not fully utilize the harvested energy, the UAV energy consumption can always be improved by decreasing the time for UAV WPT. To characterize the Pareto boundary, one solution is to obtain the minimum energy consumption for any given value of completion time while the users' communication requirements are satisfied. To achieve this, it is important to study minimum energy consumption and minimum completion time i.e., the lower-bound of Q and T t . The energy minimization (EMin) problem can be formulated as
Solving (P1-EMin) can obtain the minimum energy point of the Pareto boundary. Denote the lower-bound of energy as Q min , the corresponding mission completion time is denoted as T Q min . Similarly, the time is minimized by replacing the objective function Q({ρ k (t), q(t)} , T t ) by T t :
Let T min denote the optimal objective value that is obtained through solving (P1-TMin); the corresponding energy consumption is denoted as Q T min . Solving (P1-EMin) and P1-MinT) can determine two extreme points of the Pareto boundary of the E-T region that indicate the minimum energy consumption and minimum mission completion time, which are represented as Q min , T Q min and Q T min , T min . Finally, to characterize the complete Pareto boundary of C E−T , for any given completion time T min ≤ T t ≤ T Q min , we aim to minimize Q while ensuring that all constraints in (P1) are satisfied: (10), (11) .
From (P1), we can make the following observation: it contains an infinite number of optimization variables over T t and the constraints in (10), (11) and (12) are both non-convex. Therefore, problem (P1-EMin), (P1-TMin) and (P1-Complete Boundary) are non-convex optimization problems that are difficult to be solved optimally. To tackle those problems, in section III we first optimally solve those two problems in simple fly-hover-communicate protocol where the UAV successively flies to 2K hovering points then communicates to the corresponding user or transmits energy to all users. Afterwards, a more general path discretization based WPCN protocol is proposed and the problem is formulated as a finite-number-of-variables optimization problem. Based on the lower bounds of two communication protocols, we characterize the E-T region boundary for two proposed protocols.
III. FLY-HOVER-COMMUNICATE PROTOCOL
In this section, we consider the UAV acting as a hybrid-AP in the conventional WPCN [36] with the UAV sequentially visiting 2K hovering positions. At each hovering position, the UAV may operate in WPT mode or collect only one user's data, but all users can harvest energy when the UAV operates in WPT mode because of the broadcast nature of the energy signal. As a result, the UAV may not transfer energy at some hovering points as the users may have already harvested enough energy from previous UAV positions.
The problem can be simplified as an optimization problem to find the 2K hovering points and corresponding hovering time (time for energy transmission or for data collection), as well as the sequence of visited points and the flying speed of the UAV.
In the FHC protocol, we assume that UAV is flying with a binary status: moving or hovering; communication only happens when the UAV is hovering. UAV moving energy consumption depends on the distance travelled and speed while the total traveling distance depends on the visiting order of all the K hovering points. In the following we first consider a special case with K = 2 in section III-A to draw useful insights, and then present the optimal solution for the general case with multiple GUs in section III-B. 
A. SPECIAL CASE WITH TWO USERS
As shown in the Fig.2 , for the special case with K = 2, we assume that the initial and final position, and the two users, are located in a straight line so the trajectory of the UAV is a straight line from the initial point to the final point. The coordinates of the two users are assumed to be (0, 0, 0) and (D, 0, 0); it is also assumed that there are four hovering points, two for WPT and two for DG, their location along the X axis being x 1 , x 2 , x 3 and x 4 , respectively. Denote the hovering time when the UAV is located at these points in T (x 1 ), T (x 2 ), T (x 3 ) and T (x 4 ), respectively. Thus, the throughput of user 1 and user 2 can be given as follows:
The received power by user 1 and user 2 can be re-expressed as follows:
The energy usage constraints in the case of causality and non-causality can be expressed as:
and
According to the UAV's flying status, the energy consumption of the UAV includes two parts: (i) the consumption when the UAV is moving and (ii) that when the UAV is hovering. The total energy consumption can be expressed as:
where D traveling is the UAV traveling distance, Q V denotes the UAV consumption per unit traveling distance in Joule/meter with speed V ; P h is the energy consumption per second when the UAV is hovering. The mission completion time is
T Moving + T Hovering (23) Note that the traveling distance of the UAV is already determined by the initial position and final position. Comparing (22) and (23), it is observed that Q Moving and T Moving are only determined by the UAV speed V . Mathematically, the E-T region can be expressed as:
Proposition 1:
The Pareto optimal solution of DG points to the (P2) has the following property: for both causality and non-causality cases, optimal hovering positions for DG are given by x *
Proof: See Appendix A. Proposition 1 indicates that in the special case the UAV should hover above the users to collect data, as the hovering time only depends on the position of the DG hovering point so the optimal point where the maximum channel gain be achieved is determined by the minimum hovering time (i.e. by the minimum hovering energy consumption).
Proposition 2: The Pareto optimal solution of the WPT point(s) to the (P2) has the properties:
• In the causality case, the optimal hovering position for WPT is given by x * 1 = 0 and T * (x 1 ) =
• In the non-causality case, if T * (x 2 )P 1 = T * (x 4 )P 2 , when D <= 2H / √ 3, there exists only one optimal hovering location for WPT, i.e., the UAV should hover at the optimal location (D/2, 0, 0) during the whole charging period T =
, where
• In the non-causality case, if T * (x 2 )P 1 > T * (x 4 )P 2 , the Pareto optimal of x * 1 and T * (x 1 ) is obtained by:
where
can be obtained from (P2.1) and the x * 3 , T * (x 3 ) can be calculated from Lemma 1. Proof: See Appendix B. Proposition 2 indicates that the WPT point(s) are quite different for different energy usage constraints. In the causality case, the UAV should hover above each user to transmit power. In the non-causality case, the location of the WPT points depends on each user's energy requirement; if T * (x 2 )P 1 = T * (x 4 )P 2 , the optimal hovering WPT points are equal to the sum-harvested energy maximization problem in [29] , thus the optimal hovering positions are determined only by the distance of two the users and the solution can be obtained directly from [29] . Note that the variables are coupled in (P2.1) making the closed form solution a troublesome challenge. We propose to solve this problem in a exhaustive search way. A relatively small initial search region of T (x 1 ) and x 1 is given by
Combining proposition 1 and 2, it is shown that in the special case, for any given UAV speed V , the energy minimization problem is equivalent to a time minimization problem. Thus, the minimum UAV energy consumption is achieved by the maximum-range (MR) speed 1 V mr [35] and the minimum completion time is achieved by the maximum UAV speed V max .
For illustration, we plot the location of the optimal WPT hovering point(s) and their corresponding hovering time versus the throughput requirement of user 2 in the case of energy causality and non-causality in Fig.3 and Fig.4 , respectively. It is assumed that in both cases the distance between the 1 MR speed V mr is the optimal UAV speed that maximizes the total traveling distance with any given onboard energy E. two users is D = 13m, and the UAV flying height is set as H = 10. The throughput requirement of user 1 is fixed as 150Mbits and users' uplink transmit powers are equal. It is observed from Fig.3 that the UAV is always hovering above the user1 for WPT: the UAV only focuses on user1's energy requirement, not taking into account how much energy that user 2 can harvest. Thus, the hovering position and time have no ties to user2's requirement. It is also observed that as user2's requirement increases, the UAV would hover above user 2 for WPT once the harvested energy of user2 is insufficient for powering its forthcoming transmission and the hovering time becomes bigger. These observations are consistent with the first in Proposition 2.
Furthermore, as shown in Figure 4 , as the throughput requirement difference R 1 min − R 2 min of two users becomes larger, the distance between the two WPT points becomes closer, until R 1 min = R 2 min and the distance is at a minimum: x1 = D/2 − τ and x2 = D/2 + τ are symmetrical, which can be explained intuitively as follows. Suppose that R 1 min = R 2 min at first, as the two WPT points are symmetrical over D/2, once R 1 min = R 2 min ( R 1 min ≥ R 2 min for example), according to Lemma1 one of the users would use up all harvested energy. If the UAV stays in the original position for WPT, one of the two users would harvest more energy than actual demand, so the UAV needs to move from that location to be closer to the users. When the throughput difference of the two users is sufficiently large, the UAV only hovers above the user whose throughput requirement is greater. We plot the Pareto boundary of the E-T region for the two users' case in Fig.5 . The faster the UAV flies, the shorter is the time needed to complete the mission. Higher speed would lead to the UAV consuming more propulsion energy. It is observed that the mission completion time decreases as energy consumption increases, as expected. Moreover, Fig. 5 shows that the E-T region of the non-causality case is bigger than that of the causality case; this is because the users in the non-causality case can fully utilize their harvested energy.
B. OPTIMAL SOLUTION TO MULTIPLE GUs
In this section, we consider the fly-hover-communication protocol for multiple GUs with arbitrary location. Suppose that there are 2K hovering points in the UAV trajectory consisting of K points for collecting data and K points for broadcasting the energy signal. At each DG hovering point, the UAV only communicates with one GN. Denote the set of K DG points as D, and the set of K energy transfer points as E. Letq j ∈ R 2×1 , j ∈K denote the horizontal coordinate of the UAV hovering location, whereK = {1, . . . , 2K }. Moreover, we defineq 0 = q I andq 2K +1 = q F .
The total traveling distance D total can be calculated as:
where permutation variables (j) ∈K denote the visiting order of all points, with the UAV starting fromq 0 =q (0) = q I to visitq (1) , followed byq (2) ,q (3) , etc., until the final pointq 2K +1 =q (2K +1) = q F is visited. The total UAV traveling energy consumption with speed V is given by
Denote the UAV's hovering position when it collects data from GU k asq (m) , m ∈K,q (m) ∈ D. When the UAV communicates with GU k, the instantaneous channel capacity of GU k in bits/second can be expressed as
where P k denotes the k GU's transmit power, which is assumed to be constant during communication. Denote the duration when the UAV is hovering atq (j) as T j , j ∈K. Based on (10) , to meet the communication requirement for user k, the DG time should follow these constraints:
If the UAV is operated in WPT mode when hovering at q (i) , i ∈K,q (i) ∈ E, the harvested energy in GU k is given by
To ensure the user's energy is enough for information transmission, based on (11) and (12), the new energy causality constraints and energy non-causality constraints can be represented as:
respectively. The energy consumption when the UAV is hovering at locationq (j) , j ∈K can be expressed as
Thus, the total energy consumption of UAV is a function of q j , T j and { (j)}, which can be written as
The mission completion time of the FHC scheme can be given as
Finally, the E-T region characterization problem (P1) with fly-hover-communicate protocol reduces to
[ (1), . . . , (2K )] ∈ Ω, (29), (32) ) .
where Ω denote the set of all the (2K )! possible permutations for the 2K hovering points.
The UAV scheduling parameter {ρ k (t)} is determined by T j andq (j) . If T j ≥ 0, it means that the UAV is hovering at VOLUME 7, 2019
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q (j) with duration T j . Depending on whetherq (j) belongs to D or E, the UAV would collect data or transfer energy. In order to characterize the Pareto boundary of C E−T , we first minimize the UAV energy consumption, this problem being formulated as: (32) or (31) Note that in [35] it has already been shown that the UAV should fly with maximum-range (MR) speed in the flyhover-communicate protocol to minimize the UAV propulsion energy without the completion time being considered; thus V = V MR for (P3-MinE). Obviously, (P3-MinE) is a non-convex optimization problem. If we fix the hovering locationsq j , the T j are also determined, thus the energy consumption when the UAV is hovering is also fixed and the problem is simplified to the traveling distance minimization problem i.e., the classic TSP with predetermined initial and final locations [18] , which is known to be NP hard. Fortunately, the TSP can be efficiently solved by existing algorithms [37] . Similar to [35] , we propose to iteratively solve the problem with given initial position and visit order. Assume there is one WPT and one DG hovering point right above each GU and denote these points asq j . In the next part of this paper we solve the (P3-MinE) with given { (j)}.
First, introducing the slack variables D tr and z kj = q (j) − w k 2 , j ∈K, k ∈ K, we optimize theq j with given { (j)}, for which the problem is expressed as
It is noted that the cost function of (P3-MinE-1) and throughput requirement constraint and energy usage constraints are all non-convex. For the energy harvesting of user k, we introduce slack variables Ψ ki to the harvesting energy equation (30)
Thus, the energy usage constraints (31) and (32) are rewritten as
Now the problem (P3-MinE-1) is expressed as
The constraints (46) in (P2.2) are obtained from (40) by replacing the equality sign with inequality constraints. It can easily be checked that problem (P3-MinE-1) and (P3-MinE-2) are equivalent. To prove this, suppose that there exists at least one constraint in (46) that is satisfied with strict inequality at the optimum of (P3-MinE-1), then the energy consumption can be decreased by reducing the T i to make the constraint (46) hold with strict equality, and at the same time reduce the energy consumption; this contradicts the assumption. Therefore, at the optimum of (P3-MinE-2), all constraints in (46) must hold with equality. As a result, the (P3-MinE-1) can be solved equivalently by solving (P3-MinE-2). Problem (P3-MinE-2) is still non-convex in general. Thus, we provide the SCA approach to handle (P2.2). The main idea of this approach is to obtain the global lower bounds at a given local point. First, note that Ψ 2 ki is a convex function with respect to Ψ ki , so by using a first-order Taylor approximation at given Ψ (l) ki , we can derive concave lower bounds for the Ψ 2
ki denotes the value of Ψ ki at the lth iteration. For the non-convex constraints (45) and (46), the right-hand side (RHS) in (45) and in (46) is a jointly convex function, with respect to T j , and to Ψ ki and T i , respectively. Furthermore, as the left-hand side (LHS) of (45) is a convex function, the global concave bound can be given as
. In a similar way, the LHS in (46) is convex with respect to z ki and is lower bounded by
By replacing the non-convex constraints with their corresponding lower bounds at the l th iteration obtained above, we have the following problem
{Ψki,qj,zkj,Tj}
It can be verified that problem is a convex problem that can be solved efficiently using existing convex optimization solvers, e.g. CVX [38] . Based on (P3-MinE-3), the iterative procedure is summarized in Algorithm 1.
For the convergence analysis of Algorithm 1, let Q * (l) denote the corresponding optimal objective values of (P3-MinE) at the l th iteration.Then we have the following relationship
Since the monotonically non-increasing property of the optimal objective value of (P3-MinE), and the UAV energy consumption is lower bounded by a certain value, Algorithm 1 is guaranteed to converge to at least a local optimal solution for (P3-MinE).
The extreme point where the UAV achieves the minimum mission completion time can be minimized by replacing the 
Solve the convex problem () and denote the optimal solution as D * tr , Ψ * ki ,q * j , z * kj , T * j .
4:
Update: z
Update: l = l + 1 6: until converge or maximum number of iterations; cost function of (P3-MinE-3) with
. Clearly, the time minimization problem is also a convex problem, so the SCA based algorithm can be applied to solve the problem. After finding two extreme points, for any given T ∈ T min , T Q min , the Pareto boundary of C is completely characterized by minimizing the energy consumption of UAV, i.e.,
Problem (59) is convex optimization problem, which can be efficiently solved by CVX.
IV. PATH DISCRETIZATION
In this section, we consider the path discretization approach to the UAV-enabled WPCN. The main idea of this approach is to model the continuous trajectory as a finite point (i.e., to divide the UAV trajectory into a finite number of line segments), and the duration of the hovering above each location is uncertain. The traditional time discretization method tries to equally divide the time scope into a finite number of slots, each time slot being sufficiently small so the channel gain is regarded as unchanged in each slot. However, different from the traditional time discretization approach where only the location in a certain time needs to be optimized, both the location and the duration of each line segment needs to be optimized in path discretization. Thus, this approach is more practical when the UAV completion time is a variable to be optimized. Now we explain the deals of the path discretion: the path is divided into N line segments that are represented by N + 1 way-points
n=1 , with q[1] = q I and q[N + 1] = q F . To obtain a practicable channel gain model, it is assumed that the distance between two successively accessed points is sufficiently small:
thus the distance between the UAV and GUs is approximately unchanged within each line segment. The max is usually chosen as max H . With a given max , to ensure the trajectory can be optimized within appropriate accuracy, VOLUME 7, 2019 N should be chosen such that N max ≥D, whereD represents the upper bound of the required total UAV flying distance. The distance from the UAV to each GU k can be expressed as
Within each line segment n, the UAV adopts the TDMA protocol, each duration T [n] is divided into K + 1 subsets.
, k ∈ K denotes the time allocated to GU k for uploading information to the UAV, and t K +1 [n] denotes the time allocated for the UAV for WPT. Then the time allocation should follow the following constraint
The instantaneous achievable rate of GU k when the UAV is at the nth line segment can be written as
Therefore, the total information bits transmitted from GU k over N line segments can be denoted as
The harvested energy at GU k when the UAV is at the nth line segment is given by
thus, the causality and non-causality energy constraints in the discrete form can be written respectively as
Suppose that the UAV flies with a constant velocity and denote the duration that the UAV remains in the nth line segment as T [n], then the UAV velocity along the nth segment
, ∀n. Then the UAV energy consumption can be expressed as
where [n] q[n] − q[n + 1] is the length of the nth line segment. The total time taken to complete the mission is
As a result, the E-T region in the path discretization case can be formulated as (P4) :
To characterize the boundary of ET region, we first minimize the UAV's energy consumption while satisfying the throughput requirement, then find the minimum completion time.
The energy minimization problem can be expressed as
Notice that (P4-MinE) is a non-convex optimization problem due to the cost objective function, the throughput constraints as well as the energy usage constraints being nonconvex. To tackle this difficulty, we provide an algorithm to give a locally optimal solution to (P4-MinE) based on the SCA technique. First, introduce slack variables to the rate function
where k ∈ K, n ∈ N . In the same time, the throughput requirement constraints become
Next, introduce slack variables
then the energy usage constraints are reformulated respectively as
Furthermore, let us introduce slack variables y[n] to the UAV energy consumption function such that
which is equivalent to
As a result, the UAV energy consumption is expressed as (78) with the additional constraints (77). Finally, with the above manipulations, (P4-MinE) can be reformulated as (P4-MinE-1) :
(74), (70b) − (70e); n ∈ N .
It can easily be checked that at the optimal point of (P4-MinE-1), the newly introduced inequality constraints (79b), (79c) and (79d) holds with equality; this can be shown by contradiction, thus (P4-MinE-1) is equivalent to (P4-MinE). Still, (P4-MinE-1) is a non-convex problem due to the non-convex constraints and cost function. Similar to the processing procedure of (P3), using the fact that the first-order Taylor expansion is a global lower bound of convex function, for Φ k [n] 2 , we have
at the lth iterration. Similary, Ψ k [n] 2 is lower bounded by
The global concave lower bound of the RHS in constraint (79d) can be written as
where q[n] (l) and y[n] (l) are the value of the corresponding variables at the lth iteration. The global concave lower bound can be obtained for the RHS of (79b) as
Furthermore, applying the first-order Taylor expansion of the RHS of (79c), the lower bound is given by
Now the problem (P4-MinE-1) with the above manipulations can be expressed as
It can easily be checked that (P4-MinE-2) is a convex optimization problem, which can be solved efficiently by an existing software solver e.g., CVX. Note that (P4-MinE-2) is an approximated convex problem of (P4-MinE-1), the feasible region of (P4-MinE-2) is a subset of that of the original problem (P4-MinE-1), thus an upper bound solution of problem (P4-MinE-1) can be obtained by solving its approximation (P4-MinE-2). As a result, a solution for (P4-MinE-1) can be obtained by successively updating the local point at each iterative solve (P4-MinE-2), which is summarized as Algorithm 2. Solve problem (P4-MinE-2) for the given local point (l) , and denote the optimal solution as {T * [n]} , {q * [n]}, and t * k [n] .
5:
Update the local point:
Update: l = l + 1 7: until convergence or maximum a number of iterations.
Similar to the FHC scheme, the lower bound of the completion time of the path discretization scheme can be derived from solving the problem, replacing the objective function by N n=1 T [n]. Finally, we characterize the complete boundary of E-T region through minimizing the energy consumption with given T t ∈ T min , T Q min . The convergence and local optimality of Algorithm 2 can be proved by the similar conclusion as in [35] .
V. NUMERICAL RESULTS
In this section, we provide the numerical results to validate the performance of our proposed approach. In the simulation, we set the UAV altitude as H = 10m, the maximum UAV flying speed as V max = 25m/s, the transmit power at the UAV as P UAV = 15W, and the noise power at the UAV as Fig .6 shows the trajectory of the FHC scheme that minimizes the energy consumption for the causality and non-causality cases, in which the users' communication requirement is R min = 5Mbits. It is first observed that in the causality case, the UAV first transfers energy then collects information, while the UAV may collect data then transfer energy in the non-causality case. Moreover, there are only 3 WPT hovering points in the non-causality case, since the UAV can optimally choose their WPT points, but the location of WPT points is constrained by the that of the DG points.
As shown in Fig.7 , where the numbers along the horizontal axis denote the visited order of each user. In the causality case, the harvested energy is sufficient for information transmission with only the last visited user using up all its harvested energy, as expected. The consumed energy of each user is equal to their harvested. These observations from Fig.7 are consistent with Lemma 1.
When R min = 25Mbits, the trajectory of the FHC scheme to minimize the energy consumption is plotted in Fig.8 . Comparing Fig.6 and Fig.8 , it is found that the distance between each user to its nearest UAV hovering points when R min = 25Mbits is smaller than that when R min = 5Mbits. Moreover, the total traveling distance when R min = 25Mbits is longer than that when R min = 5Mbits. This can be explained as follows. The total energy consumption of the UAV in the FHC scheme contains two parts: (i) the consumption when the UAV is moving to another location and (ii) that when the UAV is hovering. The optimization procedure is to balance the tradeoff between the UAV's moving energy consumption and its hovering consumption by optimizing the hovering location. Note that as the UAV hovers closer to the GU, the channel gain improves for both the WPT and DG links so leading to a shorter requirement for the hovering time; the minimum hovering time is achieved when the UAV hovers exactly above each GU. However, as the hovering time decreases, the UAV's traveling distance increases so more energy consumption is needed for flying. Thus, the higher the throughput requirement is, the closer the optimized hovering locations will be to the GUs.
Next, we compare in Fig. 9 the trajectories of FHC and PD (with causality and with non-causality) to minimize the energy consumption. We can see that the total traveling distance of non-causality is shorter than that with causality. This is because some harvested energy may not be used in the causality case leading to the UAV needing to transfer more energy to users. According to the previous analysis, the UAV needs to travel a longer distance to reduce the total communication time.
Further, the trajectories of two schemes in the case of energy non-causality (for minimum energy and minimum time) are shown in Fig.10 ; the corresponding UAV speed is shown in Fig.11 . For the PD scheme, it is firstly observed from Fig.10,(a) ,(b) and (c) that the total traveling distance of the trajectories that minimize the time is shorter than that of the trajectories that minimize the energy; however, when R min = 100Mbits, the total traveling distance of the trajectories that minimize the time is longer than that of the trajectories that minimize the time. This is expected due to the following trade-off: while UAVs fly close to the users to minimize the communication time, they must travel longer distances and hence more time is needed for flight. When the communication requirement is sufficiently large (R min = 100Mbits), although the longer distance increases the flight time, the reduced communication time is more significant for achieving energy minimization. Fig.11 shows that the with the FHC scheme, the UAV has only two states: flying with a constant speed between each optimized hovering point, or hovering above those points for communication. To minimize the energy, the constant speed is V MR , or the UAV flies with the maximum speed to minimize the completion time. In the PD scheme, for the case with a relatively low throughput requirement of R min = 5Mbits and R min = 25Mbits, the resulting UAV is almost flying the whole time with V MR to minimize energy. To minimize the completion time without considering the energy consumption, the UAV almost always flies at maximum speed in order to visit the GU as soon as possible. Interestingly, by comparing Fig.10 and Fig.11 , it is observed that with relatively high throughput requirement R min = 100Mbits, as the UAV approaches the GU, it tends to slow its speed and detour its path towards the GU, instead of hovering somewhere. This clearly shows that hovering is not the most energy-conserving UAV status and reducing the speed means UAV can enjoy good channel conditions for a longer time. 12 shows the complete Pareto boundary of the E-T region, the E-T region is located above and to the right of the Pareto boundary. Obviously, the energy consumption is increased as the completion time decreases. It is important to point out that the system model considered is a UAV-enabled WPCN with a relatively small flight area [32] . Thus, the minimum completion time is only about few seconds smaller than the completion time that minimum energy achieved. However, the proposed algorithms in this paper can be extended to other rotary-wing UAV-enabled communication system.
Next, Fig.13 shows the fraction of allocated time for the UAV at each time instant for the proposed PD, i.e. the values of t k [n]/T [n]. It is observed that communication (WPT or DG) happens during the whole flight period and the UAV tends to allocate more time to communicate with nearer GUs.
Finally, Fig.14 shows the energy consumption and mission completion time versus the communication requirement R min , respectively. For comparison, we also consider the performance of the benchmark scheme, namely hovering at the geometric center. It is observed that the proposed schemes can significantly reduce the energy consumption and completion time when compared with that of the benchmark scheme. Moreover, it is found that completion time minimization and energy minimization are not two conflicting goals as minimizing the mission completion time can, to some extent, reduce the energy consumption and vice versa. This conclusion can also be verified by the performance analysis of the special case with two GUs. It was shown in the special case that if the UAV flying speed was fixed, minimizing the time is equivalent to minimizing the energy.
VI. CONSLUSION
In this paper, we studied the energy-time tradeoff for the rotary-wing UAV enabled WPCN. The tradeoff optimization problem was formulated to find all pairs of time and energy, while satisfying the communication throughput requirement for each GU. In order to characterize the boundary of the E-T region, two extreme points where minimum energy and minimum time achieved were found. Then we completed the boundary by minimizing the energy with a given completion time. For the proposed fly-hover-communicate protocol we applied TSP and convex optimization techniques to find the hovering locations and duration, as well as the visiting order. Furthermore, we proposed a SCA technique based algorithm for the path discretion protocol, the trajectory and time allocation are jointly optimized while satisfying the communication throughput requirement for each GUs. Numerical results revealed the precise E-T region and showed that our proposed algorithms can achieve a better communication performance.
It is worth pointing out that the UAV trajectory may be affected by the wind or by errors in the positioning system; flight attitude control techniques and the BS based or satellite based positioning techniques need be applied to improve the robustness of the UAV trajectory. There are many design considerations requiring further investigation, such as the nonlinear energy model, the severe air-ground interference as well as the multi-UAV scenario.
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